This work aims to simplify the tiresome manual comparison of two similar Arabic historical manuscripts. We developed a system that determines the difference between two manuscripts by comparing their components, while ignoring page breaks and different warping among consecutive rows; i.e., we treat each manuscript as one long row of components. We compare two components (blocks of pixels) by extracting features from the columns of their bounding rectangles. We adopted the edit distance, which is computed using dynamic time warping (DTW) on the feature domain, to measure similarity between components. The user selects the region to align in two manuscripts and the system return its alignment with visual clues that indicate the distance between the aligned components. In our current implementation, our system provides good results and requires less interaction for manuscripts at good quality that do not include touching components. We tested our system on different Arabic manuscripts of various qualities and received encouraging results.
INTRODUCTION
Millions of documents were written in Arabic script between the seventh and fourteenth centuries. It has been estimated that 7 − 10 million documents, in various subjects, have survived the years and are stored in libraries, museums, and private collections. Before publishing such a historical manuscript it should be revised, approved original copy, and edited. This process is incredibly time-consuming and requires highly educated professionals mainly because of the existence of multiple copies of the same handwritten manuscript. Some of these manuscripts were copied by professional writers, but others were simply copied by scholars/students who sought a copy for themselves. When revisPermission to make digital or hard copies of part or all of this work for personal or classroom use is granted without fee provided that copies are not made or distributed for profit or commercial advantage and that copies bear this notice and the full citation on the first page. Copyrights for components of this work owned by others than ACM must be honored. Abstracting with credit is permitted. To copy otherwise, to republish, to post on servers or to redistribute to lists, requires prior specific permission and/or a fee. HIP ' ing a manuscript it is essential to locate all the copies, compare them, and determine the original version. The rate of revising manuscripts explains the complexity of the process -over the last century, less than 250 thousand manuscripts were revised and edited [1] .
The advances in digital scanning and electronic storage have driven the digitization of historical documents for preservation and analysis of cultural heritage. This development simplifies accessing historical manuscripts and accelerates the search for the various copies of a manuscript. Nevertheless, comparing these copies word-by-word, determining and analyzing the difference between them consume expensive scholar's time. These manuscripts are textually identical in large fractions and differ in small portions. The differences appear in several patterns: the copier altered individual words by synonyms common in his region, inserted, or deleted (did not copy) complete sentences. While deleting sentences is rare, it is common to add sentences; e.g., to explain ideas.
Several approaches have been developed to align handwritten manuscripts to their transcription [2, 3, 4, 5, 6, 7] (see Section 2). However, the transcription as textual format is not always available and there is a need to compare the available handwritten manuscripts which are represented as a set of images. These manuscripts are very similar -large fractions are textually identical and differ in small regions.
In this work we aim to simplify the procedure of comparing two similar manuscripts. We are interested in determining the regions that include the same words in the two manuscripts and those that include different words. The naive solution would be to convert the document images into text and perform the comparison on the text level. However, this approach cannot produce acceptable results, as the success in off-line handwriting recognition has been limited to domains with small vocabulary, such as mail sorting and cheque processing [8] . In addition, the degraded quality of historical documents dramatically reduces the recognition rates of traditional Optical Character Recognition (OCR) algorithms to practically unacceptable levels.
We developed a semi automatic user-assisted system that compares the images of two manuscripts and determines the difference between them. Our system compares the connected components of the two manuscripts, while ignoring page breaks among consecutive pages and different warp among consecutive rows; i.e., we consider each manuscript as one long row of components. We perceive a sequence of components as a string, where each letter represents a component, and apply DTW to determine the longest common substring. We then analysis the matching matrix to determine the inserted, deleted, or substituted components. This framework heavily depends on the accuracy of the function that computes the distance between images of two components.
The image quality of historical manuscripts plays a major role in the ability to extract their constituting rows and words correctly. Our system provides good results and requires less interaction for manuscripts at good quality that do not include touching components. The comparison of images of two components is performed by extracting and comparing features from the two images, similar to the approach proposed by Kornfield et al. [9] .
In the rest of the paper, we briefly overview closely related work, present our approach in detail, report experimental results, and finally we conclude and suggest directions for future work.
RELATED WORK
Pattern alignment has been studied in various fields, such as speech and handwriting recognition and sequences alignment in Bioinformatics [10, 3, 11] . Its complexity depends on the structure and the length of the observed sequences. In handwriting recognition it is still an open issue [5] . Alignment of handwritten documents is is closely related to wordspotting and keyword searching, and they often share the underlying component matching procedure [9] . Next we briefly overview related work in Keyword searching and word spotting.
Keyword-searching algorithms search through a collection of document images for a pictorial representation of a keyword without considering their textual representation. Word spotting clusters similar words into groups, for which textual representations are assigned and used to index the document. The unavailability of reliable OCR algorithms for handwritten historical documents makes word spotting approach a practical alternative [12] .
Dynamic Time Warping (DTW) has become a prevalent technique in word-spotting algorithms, as it appears to provide better results [13] . Manmatha and Rath [14, 8] generated and analyzed sets of feature vectors for word images, which are compared using DTW. Rothefeder et al. [15] adopted an algorithm that matches words according to the correspondences of points-of-interest on their representative images. Shrihari et al. [16, 17] utilized global word shape features, such as stroke width, slant, and gaps between words, to measure similarity. Ntzios et al. [18] classified characters based on the protrusile segments and the topology of the character skeletons. Konidaris et al. [19] showed that a combination of synthetic data and user feedback leads to an improved performance for keyword-guided word spotting. Gatos and Pratikakis [20] used a template matching process to compare image blocks that consider various stepwise transforms. Saabni and El-Sana [21] extract features from the boundary contours of continuous words and apply DTW to measure the distance between them. Word spotting was also addressed in several works as a learning problem. Rath et al. [22, 23] proposed a probabilistic classifier that was trained using discrete feature vectors extracted from different word images. Lavrenko et al. [24] classified word images, in a holistic manner, using representative features and Hidden Markov Model. Gatos et al. [25] presented a segmentation-free algorithm for typewritten keyword search in Greek historical documents.
Several approaches have been developed to align handwritten manuscripts to their transcription. Tomai et al. [2] segmented handwritten documents into text lines, generated different word segmentation for each line, and selected the best alignment between the word of the transcription and the result of a word recognizer. Kornfield et al. [3] segmented handwritten documents into lines and words and extracted features from the segmented words and the transcription words. They then applied DTW to compute the alignment. Rothfeder et al. [4] aligned ASCII text to words segmented from handwritten documents. To overcome the irreliability of word segmentation procedure, they use an HMM based algorithm for the alignment. Indermuhle et al. [5] used an HMM based handwriting recognizer that accepts complete text lines, which are mapped to their counterparts in the printed version. Zinger et al. [26] automatically segmented and manually transcribed text lines from the historical documents to generate training data for their word recognizer. They aligned segmented words to the transcription based on the longest spaces between portions of handwriting and the relative word length. Huang and Srihari [6] applied word recognition using a small size lexicon, which is reduced by utilizing the information provided by the transcript. The recognition results are aligned using a dynamic programming algorithm. Lorigo and Govindaraju [7] extended DTW to true distances when mapping multiple entries from two different sequences and concurrently map elements of a partially aligned third series within the main alignment.
These approaches map words or lines segmented from a handwritten document to their transcription. However, the transcription is not always available and there is a need to compare the available manuscripts which are mostly very similar. In this paper we aim to simplify the alignment of two historical documents. 
OUR APPROACH
We developed a semi-automatic approach to align the images of two manuscripts and determine the difference between them by comparing their pages one after the other, while ignoring page breaks. We measure the difference in textual content between two pages (images) by extracting the rows in each page image and comparing them componentby-component, while ignoring the different text line warps.
Historical documents appear in various qualities and usually suffer from range of artifacts, such as faded ink, stained paper, dirt, holes, and broken or smeared characters. The image quality of these manuscripts directly effects the accuracy of word extraction. In this work we address Arabic manuscripts that do not include touching components among their constituting words. The core procedure of our algorithm is to compare images of two text components, which is performed by extracting features from the columns of the two images and comparing them.
The Matching Algorithm
Numerous research efforts have been devoted for the development of various string matching algorithms on the text domain [27] . The comparison of two text rows in the image domain adds another dimension of complexity because of the lower level of confidence in measuring the distance between two image blocks. In addition, it is not always possible to extract individual letters, especially in inherently cursive scripts such as the Arabic script, which makes sub-word, word, or even the entire row the lowest possible granularity. To measure the distance between two components in the image domain we extract features from each pixel column -feature vector -and compare the two arrays of feature vectors.
We have studied several features which appear in the literature [8, 14, 21, 28] , and found that Vertical Profile (VP), Lower Gradient (LG), and Difference between Upper and Lower Profile (DULP) features provide the best performance on handwritten Arabic historical manuscripts in our datasets. Figure 2 shows the performance of each individual feature and the combined features. A feature vector defines a symbol, ω, and the feature vectors define a set of symbols, Σ. A sequence of feature vectors represents a string s inΣ * . The distance between two strings -edit distance -is computed using dynamic time warping [29] and is based on Equation 1, where insertion, deletion, and substitution have the same cost.
We compute the distance matrix, which is used by the dynamic time warping, by taking the distance, dij, between two feature vectors vi and vj as the norm of their difference; i.e., dij = vi − vj. This is similar to the approach proposed by Rath and Manmatha [14] , but taking the norm of the difference instead of the squared norm, as it appears to provide better results for our datasets. It is often the case that one of the manuscripts is original or was approved against an original copy and the other manuscript is to be inspected with respect to it. Let us utilize this terminology to simplify the discussion, we refer to one of the manuscripts as the original and to the other as the inspected, denoted by subscripts org and ins, respectively. We seek to determine the components in the original manuscript that were removed or substituted and those that were added (inserted) to the original manuscript to reach the inspected one. Let us also assume that the number of consecutive insertions, deletions or substitutions is bounded by a given k.
Component-by-Component Matching
Since we compare the manuscripts component-by-component, we could perceive each manuscript as a sequence of components. Let these components be letters in Σ and a sequence of components is a string s, where s ∈ Σ * .
Our matching algorithm aims to find the best match between the letters of the two strings, and mark the letters in the original string that do not have a match in the inspected string as removed letters and those in the inspected string that do not have a match in the original string as the inserted The minimal path spanned by (a)substitution, (b) one insertion, and (c) one deletion operations, respectively.
letters. In addition, we need to indicate the letters in the original manuscript that were replaced by different letters in the inspected manuscript.
The processed components in the inspected manuscripts may appear at most at place k in the original string, as we assumed insertion, deletion, or substitution of at most k consecutive letters. For that purpose we consider k letters from the two strings Sorg = a0, a1, .., an−1 and Sins = b0, b1, .., bm−1, which represent the original and inspected strings, respectively. Let us consider a general step in our algorithm where we have processed i − 1 letters from the string sorg and j − 1 letters from string sins, as shown in Figure 3 . We first compute the distance matrix, D, between the following k letters in the two strings, which is also the matrix we use to compute the edit distance between the two sub-strings of size k.
We use DTW to compute the edit distance between the two sub-strings and analyze the spanned path. The structure of this path is used to infer the applied operation (delete, insert, or substitute) and determine the progress of the two pointers lporg and lpins that mark the start of the processed component sequences.
To analyze the structure of the path, let us consider the behavior of the minimal path. Let us first consider the trivial case, where the two strings are identical and the letters in each string are different from each other. Since the edit distance between two identical letters is zero, this configuration generates a perfect diagonal line, as shown in Figure 4(a) . Next we analyze the structure of the path at each one of the operations -deletion, insertion, and substitute -at one position, while keeping the rest of the sequence intact. For an operation that takes place in the i-th letter, DTW matches the identical prefixes of the strings; i.e., it matches orgj to insj, where j = 0, .., i − 1.
Substitution:
The ith letter srci in the original manuscript was replaced by the ω letter insi in the inspected manuscript. There are three possibilities for the minimal path to manifest this substitution: (a).., di−1,i−1, di,i, di+1,i+1, ..  (b).., di−1,i−1, di−1,i, di,i+1, di+1,i+1, ..  (c).., di−1,i−1, di,i−1, di+1,i, di+1,i+1, . . where dr,c are the entries of the distance matrix, D. The path taken is determined by the minimal edit distance between the corresponding letters; i.e., ed(orgi−1, ω), ed(orgi, ω) and ed(orgi+1, ω) (recall that these letters represent connected components).
Insertion: The insertion of the letter ω at the ith position in the original manuscript. Let us assume without loss of generality that ω is not similar to any letter in the inspected manuscript. DTW matches the identical suffixes of the two strings (i.e., it matches orgj+x to insj+1+x where x = 0, .., k − j) and the generated minimal path, which is shown in Figure 4 (b), is: .., di−1,i−1, di−1,i, di,i+1, ...
Deletion:
The deletion of the letter insj from the jth position guides the DTW to match the identical suffixes of the two strings and the generated minimal path, which is shown in Figure 4 (c), is:
The lp pointers, which point to the head of the compared substring, in each of the strings is incremented according to the structure of the minimal path; we increment by one the two pointers for equal or substituted letters, increment the lporg for deleted letters, and increment lpins for inserted letters. The high confidence matches are used as anchors to resolve the medium confidence matching; e.g., a sequence of high confidence values with one weak match between two letters (components) in between can rule out insertion and deletion, as shown in Figure 7 .
EXPERIMENTAL RESULTS
We implemented our approach and performed various tests on different datasets. We have adopted the method recently developed by Saabni and El-Sana et al. [30] to extract text lines from the compared documents and generate a set of images that represent the rows of the documents. This line extraction method, which is based on Seam Carving framework [31] , computes an energy map of the input text block image and determines the seams that pass across text lines.
Measuring distance ed(wi, wj) between the images wi and wj is performed on the feature domain and computes the similarity of the two images. To determine whether two images are "equal" or not we normalize the edit distance and use two thresholds -upper and lower. Distance values below the lower and above upper thresholds indicate high confidence and no-confidence, respectively, and in between specifies medium confidence. The user can either indicate the furthest possible match k or select anchor word-parts. In the second scheme the user selects the start and end word-parts on the source manuscript and their counterparts from the inspected manuscript and the system search for the best alignment of the two sub-manuscripts.
We have also added a visualization tool that simplifies the location of the difference between the two sets. We use color coding, which is based on the values of the edit distance, to mark the regions on the inspected manuscript. Low, high, and medium confidence are marked with green, blue, and yellow color levels, respectively and insertion components are marked with red color.
Many original manuscripts were transcripted and it is possible to obtain their printed (usually hard-copy) copies, which are easy to binarize and extract their components. For these manuscripts, we align a printed manuscript with a handwritten one. We experimented with several manuscripts with an available transcription and received encouraging results. Table 1 summarizes the results of aligning a handwritten manuscript with a printed transcription, which may not be identical. The Frequency column shows the difference between the historical manuscript and the available For most original manuscript it is not possible to obtain a transcripted copy, which dictates handwritten to handwritten alignment. Figure 5 and 6 presents the performance of our system on comparing handwritten to handwritten manuscripts and handwritten to printed manuscripts, respectively. These documents do not include touching components, thus we were able to extract their constituting components. Our experiments show that classifying similar components (word-parts) as substitution and substituted components as similar are the most common errors. Aligning similar components and substituted components often results with same structure of the minimal path, but they have different values on the distance matrix. Determining the lower and upper thresholds is challenging, as it depends on the difference between the scripts (both handwritten and printed). However, using color coding to visualize the similarity and difference between the compared manuscripts simplify the adjustment of thresholds and the location of modifications (changes).
The values of k which determine the size of the aligned sequences play a major role in obtaining good results. Too small values seem to corrupt the progress of the pointers that indicate beginning of the compared sequences and too large values spreads the difference over large regions and complicates the analysis of the different regions.
CONCLUSIONS
We presented a novel approach to align two similar historical manuscripts and reported its performance on Arabic Historical Documents. Our current implementation provides good results and require less interaction for manuscripts at good quality that does not include touching components; i.e., it is possible to correctly extract the lines and continuous subwords (connected components) of the manuscripts. To compute the distance between two components in the image domain we extract features from each pixel column -feature vector -and compare the two arrays of feature vectors that represent the two components using DTW. To determine the difference between two sequences of components, we apply DTW and analyze the generated minimal path to determine the type of difference -insertion, deletion, or substitution.
To simplify the location of the difference between the two manuscripts we incorporate a visualization tool within the alignment system. The visualization tool superimpose the values of the edit distance on the compared manuscripts as color codes. We experimented with different manuscripts at various image qualities and received encouraging results.
The scope of future work includes applying machine learning techniques that utilize the user feedback to refine the matching procedure while processing the two manuscripts.
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